INTRODUCTION
A sparse binary string is a sequence of bits in which the vast majority ofelements are zero (see e.g., Fig. 1, top) . Sparse binary sequences occur in many contexts, for example, in digital communications, applied information theory, digital circuit theory, image processing, and neuroscience. A sparse binary string can compactly be represented by an event string, which is the list of time instances at which the ones ("events") occur, for example, the event string corresponding to the sparse binary string at the top of Fig. 1 is given by (2, 8, 10, 27, 29) . 01iOO00 0101 00 00 0 00 00 00 00 00101i 0 00 00 0 adigm has also attracted substantial attention in both the ex- perimental (e.g., [3] ) and the theoretical neuroscience literature (e.g., [4] 
where V2\/, 2 is a Gaussian distribution with mean p and variance a2 3: with N and N' the total number of events in X and X' respectively, and NVp and N'ur the total number of spurious events in X and X' respectively. SES is related to the metrics ("distances") proposed in [6] , those metrics are single numbers that quantify the synchrony between event strings. In contrast, we characterize synchrony by means of three parameters, which allows us to distinguish different types of synchrony (see, e.g., [7] ). We compute those three parameters by performing inference in a probabilistic model. In the next section, we briefly describe that model, and we briefly outline two different inference algorithms.
COMPUTING THE SES PARAMETERS
We translate the above procedure to generate X and X' (cf. Fig. 2 Fig. 3 . SES for in vitro intracellular recordings.
firing reliability of the cell [7] , we computed the SES parameters pspor (see Fig. 3 (b)) and aT (see Fig. 3 (c)) for each pair of trials; the offset &T is about zero, it is not relevant for the application at hand. On the average, psp., = 6.0%
and CT = 21ms. The average interspike time equals 97ms, which is significantly larger than C-T the firing variability of the cell can thus be considered small [7] . Fig. 3(d [12] , whereas intracellular recordings measure the activation of a single neuron.
(3.5-7.5 Hz), since the anomalies associated with AD are the most significant in that frequency band (see [16] and references therein).
From EEG signals to event strings
To each EEG signal, we successively apply two transfornations: (i) wavelet transform, (ii) sparsification of the wavelet representation (a.k.a. "bump modeling").
1. Wavelet Transform
In order to extract the oscillatory patterns in the EEG signal, we apply a wavelet transform. More specifically, we use the complex Morlet wavelets w(t) = Aexp (-t/272) exp(2i7ft), (6) where t is time, f is frequency, u7t is a (positive) real parameter, and A is a (positive) scalar normalization factor. The Morlet wavelet (6) has proven to be well suited for the timefrequency analysis of intracellular signals (see [13] ). As a result, we obtain a time-frequency representation c(f, t) of the EEG signal. The next transfornation (i.e., sparsification)
operates on the squared magnitude z(f, t) of the coefficients cf, t)' z(f, t) Ic(f, t)12 (7) 5s2.2. Sparsification We approximate the map z(f, t) as a sum zbosp(f, t, 0) of a "small" number of smooth basis functions ("bumps"):
where each bump b(fk, tk, 0k) is centered at time tk and frequency fk (see Fig. 4 Fig. 4(c) . At the bump centers tk, the sequence zbm(t) takes the value 1, otherwise it equals 0. Also other bump parameters (such as the center frequency) can be integrated in the concept of SES; this is the subject of ongoing work.
Results and Discussion
Our preliminary results on the classification of CTR and AD patients on the basis of synchrony are summarized in Table 1 .
As features, we used the SES parameters in addition to a standard synchrony measure, i.e., spectral coherence (COH) [ Fig. 3(d) nals. We are currently exploring its usability in more depth, and we are developing various extensions (particularly in the context of bump modeling).
